Abstract. Tumor recurrence hinders treatment of ovarian cancer. The present study aimed to identify potential biomarkers for ovarian cancer recurrence prognosis and explore relevant mechanisms. RNA-sequencing of data from the TCGA database and GSE17260 dataset was carried out. Samples of the data were grouped according to tumor recurrence information. Following data normalization, differentially expressed genes/micro RNAs (miRNAs)/long non-coding (lncRNAs) (DEGs/DEMs/DELs) were selected between recurrent and non-recurrent samples. Their correlations with clinical information were analyzed to identify prognostic RNAs. A support vector machine classifier was used to find the optimal gene set with feature genes that could conclusively distinguish different samples. A protein-protein interaction (PPI) network was established for DEGs using relevant protein databases. An integrated 'lncRNA/miRNA/mRNA' competing endogenous RNA (ceRNA) network was constructed to reveal potential regulatory relationships among different RNAs. We identified 36 feature genes (e.g. TP53 and RBPMS) for the classification of recurrent and non-recurrent ovarian cancer samples. Prediction with this gene set had a high accuracy (91.8%). Three DELs (WT1-AS, NBR2 and ZNF883) were highly associated with the prognosis of recurrent ovarian cancer. Predominant DEMs with their targets were hsa-miR-375 (target: RBPMS), hsa-miR-141 (target: RBPMS), and hsa-miR-27b (target: TP53). Highlighted interactions in the ceRNA network were 'WT1-AS-hsa-miR-375-RBPMS' and 'W T1-AS-hsa-m iR-27b-TP53'. TP53, R BPM S, hsa-miR-375, hsa-miR-141, hsa-miR-27b, and WT1-AS may be biomarkers for recurrent ovarian cancer. The interactions of 'WT1-AS-hsa-miR-375-RBPMS' and 'WT1-AS-hsa-miR-27b-TP53' may be potential regulatory mechanisms during cancer recurrence.
Introduction
Ovarian cancer is the sixth most frequent cancer worldwide (1). It is a major cause of cancer-related deaths among women. Based on global epidemiological data in 2008, 225,500 women were estimated to be diagnosed with ovarian cancer and 140,200 succumbed to the disease (2) . In addition, the majority (>75%) of cases were in advanced stages requiring surgery and platinum-based chemotherapy. Although the standard treatment produces a high response rate of 40-60%, the 5-year survival rate is relatively poor (<25%) and recurrence occurs in >90% of patients after 18 months (3, 4) . Despite advancements in surgical and chemotherapeutic options, treatment of recurrent ovarian cancer is still a challenge.
A better understanding of the molecular mechanisms of ovarian cancer could help to develop more effective targeted therapies that contribute to improved prognosis. Upregulation of cluster of differentiation 44 (CD44) plays an important role in metastasis, recurrence, and drug resistance of ovarian cancer. Thus, CD44 is a potential target for prevention of recurrence in ovarian cancer (5) . Human epididymis protein 4 (HE4) has been suggested as a serum biomarker for prognosis of epithelial ovarian cancer. Moreover, HE4 better predicts recurrence than the common marker carbohydrate antigen 125 (CA125) (6) . Increased platelet-derived growth factor receptor-beta (PDGFR-β) and vascular endothelial growth factor receptor-2 (VEGFR-2) protein levels have been revealed to be associated with resistance to platinum-based chemotherapy and poorer outcome of ovarian cancer patients (7) .
MicroRNAs (miRNAs/miRs) also play significant roles in the regulation of the disease recurrence. Loss of miR-200 family members has been revealed to be associated with relapse from early to advanced stages of epithelial ovarian cancer (8) , suggesting that the expression of these miRNAs could be used as a target for prediction of recurrence. Moreover, miR-200 overexpression has been revealed to correspond with an advanced stage of ovarian cancer (9) . Long non-coding RNAs (lncRNAs) are non-protein-coding RNA transcripts that control gene/miRNA expression and protein functions (10) , which have been reported to be aberrantly expressed in ovarian carcinoma (11) . LncRNAs also act as competing endogenous RNAs (ceRNAs) in the regulation of miRNA expression. Therefore, there is often a reverse expression between them (12) . Recently, a study identified a six-lncRNA signature (RUNX1-IT1, MALAT1, H19, HOTAIRM1, LOC100190986 and AL132709.8) that was correlated with the recurrence of ovarian cancer (13) .
The connection between lncRNAs with mRNAs or miRNAs in ovarian cancer is unclear. By constructing a functional lncRNA-mRNA co-expression network, Guo et al identified two immune-related lncRNA biomarkers (RP11-284N8.3.1 and AC104699.1.1) in the progression of malignant ovarian cancer (14) . Although the biomarkers were reported to have crucial prognostic value on survival prediction at different stages of cancer, recurrence of the disease was not elucidated. Based on the 'ceRNA hypothesis', lncRNA-associated ceRNA networks were identified and ten lncRNA ceRNAs were proposed as potential candidates for ovarian cancer at different stages (15) . In that study, miRNA-mediated ceRNA crosstalk between lncRNAs and mRNAs was evident but no information pertaining to recurrence was provided.
To provide more clarity concerning recurrence, we searched RNA-sequencing (RNA-seq) data in The Cancer Genome Atlas (TCGA) database and the Gene Expression Omnibus (GEO) database, which contain ovarian cancer samples with information about recurrence. We also explored potential regulations among lncRNAs, miRNAs, and mRNAs by establishing an integrated ceRNA network. A support vector machine (SVM) classifier with candidate feature genes was constructed to distinguish recurrent with non-recurrent ovarian cancer. These comprehensive analyses aimed to reveal novel lncRNA/miRNA/mRNA biomarkers of recurrent ovarian cancer and uncover the underlying regulatory mechanisms.
Materials and methods

Data resource and pretreatment
Data from TCGA database. The mRNA and miRNA expression profiles relevant to ovarian cancer were searched in the TCGA (https://gdc-portal.nci.nih.gov/) database. A total of 419 mRNA-sequencing profiles and 493 miRNA-sequencing profiles were obtained. These profiles were matched according to barcode numbers. Finally, 391 profiles with matched mRNA-sequencing and miRNA-sequencing data were generated. According to the clinical information, these 391 RNA-seq profiles were divided into a recurrence (n=220) and non-recurrence (n=171) group. The sequencing platform of all the samples was the HiSeq 2000 system (Illumina, Inc., San Diego, CA, USA).
All downloaded RNA-seq data were as files in the * .gene. quantification.txt format. Reads per kilobase of transcript per million mapped read (RPkM) values of expression of these RNAs were obtained. Since log 2 (x+1) transformation had previously been performed, these data could be directly used for analysis in the present study.
Data from GEO database. The mRNA microarray data (accession no. GSE17260) was downloaded from the GEO database (http://www.ncbi.nlm.nih.gov/geo). This dataset relevant to ovarian cancer consisted of 110 samples. These were also classified into a recurrence group (n=76) and non-recurrence group (n=34). The platform of the microarray data was the 014850 GPL6480 (Agilent Technologies, Inc., Santa Clara, CA, USA).
After downloading raw data from the GEO database, probe values corresponded to gene expressions based on annotation files. If more than one probe corresponded to the same gene, their values were averaged to calculate this gene expression. The expression of the genes were log 2 transformed to reach an approximately normal distribution. Normalization was performed with the median method implemented in the Linear Models for Microarray Analysis (limma, http://www.bioconductor .org/packages/release/bioc/html/limma.html) package of R (16) .
Analysis of the RNA-seq data. The mRNAs, miRNAs, and lncRNAs in 391 RNA-seq profiles downloaded from the TCGA database were identified according to 2,775 lncRNAs and 19,004 protein-coding gene annotation information recorded in the HUGO Gene Nomenclature Committee (HGNC, http://www.genenames.org/) (17) . Low abundant mRNAs, miRNAs, and lncRNAs with an expressive abundance of <1, <5, and <5, respectively, were filtered out.
Differentially expressed genes/miRNAs (DEGs/DEMs) between recurrent and non-recurrent samples were selected using the edgeR package (version 3.0.1), a software in Bioconductor that adopts the over-dispersed Poisson model to differentiate biological and technical sources of variation (18) . Notably, the edgeR package uses an empirical Bayes approach, which reduces overdispersion across different transcript samples and enhances analysis reliability (18) . Α false discovery rate (FDR) <0.05 and |fold change (FC)|>1.5 were two criteria for DEG/DEM selection. Selection of prognostic mRNAs, miRNAs, and lncRNAs. The expression of DEG/DEM/differentially expressed lncRNAs (DEL) between recurrent and non-recurrent samples were extracted, accompanied with the survival information in each sample. The single factor Cox analysis using the survfit function implemented in the R survival package was utilized to perform prognostic analysis (19) . The mRNAs, miRNAs, and lncRNAs with a threshold P-value <0.05 were considered as significantly related to the prognosis. The survival result was expressed as a kaplan-Meier (kM) curve. Optimization of feature genes dependent on network betweenness centrality. After the PPI network of the DEGs was established, its topological structure was analyzed according to the node's degree and betweenness centrality (BC) algorithm, using the following formula:
Relationships between
Identification
where σ st denotes the shortest path from s to t, σ st (v) stands for the node numbers (v) from s to t. BC values are 0 to 1, and the closeness of a node's value to '1' is strongly associated with the importance of the node. Based on this definition, the nodes whose BC values were ranked in the top 100 were selected as candidate feature genes.
Selection of optimal feature gene set. Following the identification of candidate DEGs between recurrent and non-recurrent samples, the unsupervised clustering method was used to validate the efficacy of the classification using this feature gene set. In brief, the top 100 candidate feature DEGs underwent the optimal feature combination selection with the recursive feature elimination (RFE) algorithm (20) . Genes in the most optimal feature gene set were supposed to be representative, prominent and could be used for clinical diagnosis.
Construction of a support vector machine classifier utilizing the feature gene sets. The significant feature gene set was selected by optimizing the feature of genes. The SVM classifier model was constructed to classify and distinguish the samples according to the expression of these feature genes in each sample (21) , which were defined as an eigenvalue of these feature genes. By evaluating the eigenvalue of these feature genes in each sample, the probability of each sample in a certain classification was determined. In this way, the recurrent and non-recurrent ovarian cancer samples were predicted.
Independent validation and assessment of SVM classifier performance.
To confirm the robustness and reproducibility of this SVM classifier, the dataset of GSE17260 was used as the validation set. Performance of the SVM classifier was evaluated by assessing the following indicators: Sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV), and area under the curve (AUC) of the receiver operating characteristic (ROC) curve.
Prediction of lncRNA/miRNA network. By integrating miRNAs with lncRNAs information in miRcode (version 11.0, http://www.mircode.org/) (22) and starBase databases (version 2.0) (23), potential lncRNA/miRNA interactions were predicted for DEMs and DELs.
Target prediction of miRNAs. The miRTarBase database (http://mirtarbase.mbc.nctu.edu.tw) provides the newest and the most comprehensive miRNA-target interactions that have been experimentally validated (24, 25) . In the present study, we used the latest version of the database in 2016 (release 6.0) to search for potential target genes of the miRNAs. Combining these target genes with DEGs in the PPI network, a miRNA-target network of the DEGs was constructed and visualized using Cytoscape software.
Construction of ceRNA regulatory network. Integrating the lncRNA/miRNA network and miRNA-target network, a comprehensive ceRNA network, termed the lncRNA/miRNA/ mRNA regulatory network, was constructed.
Functional and pathway enrichment analysis of genes in the ceRNA network. After establishing the ceRNA network, genes in this network underwent functional and pathway enrichment analyses, integrating gene information in the Gene Ontology (GO; http://www.geneontology.org/) and kyoto Encyclopedia of Genes and Genome (kEGG; http://www. genome.jp/kegg/pathway.html) databases with the threshold as P-value <0.05. Fisher's exact test was used, as indicated in the following formula:
where N denotes total gene numbers in the whole genome, M represents gene numbers in the pathway, k stands for the number of DEGs, and p indicates the possibility that at least 'x' of 'k' DEGs were enriched in a specific function or pathway category.
Results
Ovarian cancer recurrence-related mRNAs, miRNAs and lncRNAs. According to annotation information recorded in the HGNC, a set of 17,895 mRNAs that encodes proteins, 1,046 miRNAs, and 811 lncRNAs were identified in the 391 RNA-seq profiles downloaded from the TCGA database. Among these identified RNAs, those that had low abundance were filtered out. Cut-offs for low abundant mRNAs, miRNAs, and lncRNAs were expressed with an abundance <1, <5 and <5, respectively. After removing these low abundant RNAs, a group of 11,420 mRNAs, 169 miRNAs, and 398 lncRNAs remained. The expression distributions revealed that the peak values of expression density for the mRNAs, miRNAs and lncRNAs were evidently elevated after eliminating the low abundant ones (Fig. 1) . Among these three types of RNAs, lncRNAs had an apparently lower expression density than the others.
The 391 RNA-seq profiles were divided into recurrent (n=220) and non-recurrent (n=171) samples based on the clinical information. A total of 826 significant DEGs, 38 DEMs and 24 DELs between recurrent (n=220) and non-recurrent (n=171) samples were selected through differential analysis. Expression differences of these RNAs in different samples are displayed in the heat map of the clustering analysis ( Fig. 2A-C) . The three types of RNAs could clearly distinguish the recurrent ovarian cancer from the non-recurrent.
Association between recurrence-related genes and clinical features.
Using the five dichotomous variables (age, clinical stage, neoplasm histological grade, lymphatic invasion, and venous invasion) correlated with clinical information, the samples were classified into different groups. Upregulated or downregulated RNAs (mRNAs, miRNAs, and lncRNAs) between different groups within each comparison were selected (data not shown). Clinical features that the recurrence-related genes could reflect were revealed.
Prognosis-related mRNAs, miRNAs, and lncRNAs. Based on the expression of the DEGs, DEMs, and DELs, and the survival analysis (e.g. overall survival time and survival condition) of these RNAs, prognostic mRNAs, miRNAs, and lncRNAs were identified (Table I) . Three upregulated lncRNAs were associated with prognosis including NBR2 (P= 0.003), ZNF883 (P= 0.016) and WT1-AS (P= 0.014). has-miR-1974 (P= 0.004), hsa-m i R-155 (P= 0.0 05), hsa-m i r-1266 (P= 0.0 06), hsa-mir-1306 (P= 0.009), hsa-mir-935 (P= 0.017) and hsa-mir-375 (P=0.028) were related to prognosis. A total of 58 DEGs (P<0.005) were significantly associated with prognosis.
The median expression value of NBR2, ZNF883, or WT1-AS was used as the cut-off criterion for dividing the samples into two groups (below the median and above the median) based on the expression levels of these lncRNAs in the samples. kM survival analysis indicated the survival ratios of the below median and above median groups that were separated by the expression levels of NBR2 (P=0.0417), ZNF883 (P=0.0446), or WT1-AS (P= 0.0131) were significantly different (Fig. 3A-C) .
This result indicated that these three lncRNAs could be used as prognostic predictors of recurrent ovarian cancer, particularly WT1-AS, since it had the lowest P-value.
Features of mRNAs related to recurrence PPI network of the DEGs. The search of the three protein databases identified protein interaction information for the DEGs. A total of 169, 221 and 234 protein interactions were identified from BioGRID, HPRD and DIP databases, respectively. Then, 299 overlapped interactions in three databases were extracted to establish the PPI network of the DEGs. As presented in Fig. 4 , the network consisted of 234 nodes (the proteins encoded by the DEGs) and 299 edges (the protein interactions). Five predominant nodes in the PPI network were TP53 (degree=35), CDKN1A (degree=20), MYC (degree=17), MDFI (degree=16), and RBPMS (degree=13).
Verification of the SVM classifiers. The node degree distribution of the genes in the PPI network was analyzed (Fig. 5A) . The top 100 gene nodes in the PPI network ranked by their BC values were selected. The best prediction accuracy was up to 93.6% when the SVM classifier consisted of 36 specific feature genes (Fig. 5B ) using the recursive feature elimination algorithm. These 36 specific feature genes (e.g. TP53, MYC, CDkN1A, RBPMS and JUN) are shown in Table II . This gene set was considered the optimal combination.
Data in the GSE17260 after normalization were used to validate the accuracy of the SVM classifier of the 36 feature genes. This SVM classifier could precisely distinguish 70 recurrent samples from 31 non-recurrent samples with an accuracy of 91.8%.
Scatter plots of sample classifications in validation dataset and data in TCGA are presented in Fig. 6 . The findings indicated a good classification result. In addition, evaluation of the performance of this SVM classifier using five indicators (sensitivity, specificity, PPV, NPV, and AUC) further indicated that it had a high correct rate on classification (0.936 or 0.918), and most of the indicators had a high value of over 0.9 (Table III and Fig. 7) .
Predicted lncRNA/miRNA regulatory network. Using miRcode and starBase databases, a group of 469 and 396 lncRNA/miRNA interactions were identified in the two databases, respectively. Then, 562 overlapped interactions were extracted. Combining them with the DEMs and DELs, a set of 58 lncRNA/miRNA interactions were finally selected to construct the lncRNA/miRNA regulatory network. The network contained 11 DELs and 14 DEMs, such as DLEU2 (interplayed miRNAs: hsa-miR-141, hsa-miR-150 and hsa-miR-375), MALAT1 (interplayed miRNAs: hsa-miR-141, hsa-miR-150 and hsa-miR-375), and WT1-AS (interplayed miRNAs: hsa-miR-375, hsa-miR-155 and hsa-miR-27b; Fig. 8 ).
Predicted target genes of miRNAs. The 14 DEMs regulated by the DELs were mapped into the miRTarBase database to explore their target genes, accompanied with the DEGs. The predicted miRNA-target gene regulation network comprised of 426 nodes (13 miRNAs since hsa-miR-139 did not get any target information, and 413 mRNAs) and 743 interactions. In this network (Fig. 9) , several nodes and interactions involving Figure 1 . Expression density distributions of mRNAs, miRNAs and lncRNAs. The solid and dashed blue lines represent the expression density distributions of mRNAs before and after removal of the low abundant mRNAs, respectively. The solid and dashed red lines represent the expression density distributions of lncRNAs before and after removal of the low abundant lncRNAs, respectively. The solid and dashed green lines represent the expression density distribution of miRNAs before and after removal of the low abundant miRNAs, respectively. The peak values of expression density for the mRNAs, miRNAs, and lncRNAs after removal of the low abundant ones were evidently elevated. the feature genes in the optimal gene set that was identified by support vector machine classifier may be important, such as hsa-miR-375 (target genes: FOXC1, RBPMS and CCL28), hsa-miR-27b (target genes: TP53, PCTP, TOM1L1), and hsa-miR-141 (target genes: RBPMS, TINAGL1, and CCNE2).
Construction of ceRNA network
Integrated ceRNA network. Integrating the lncRNA/miRNA interactions with the miRNA/mRNA interactions, a ceRNA network was constructed. The network was comprised of 437 nodes and 795 interactions. WT1-AS was a prognosis-related lncRNA with the best performance and hsa-miR-375 was also identified to be a prognosis-related miRNA. TP53 and RBPMS were the feature genes in the optimal gene set that were identified by the SVM classifier. In this integrated ceRNA network, two regulations 'WT1-AS-hsa-miR-375-RBPMS' and 'WT1-AS-hsa-miR-27b-TP53' may play important roles (Fig. 10 ).
Enrichment analysis of target genes in the ceRNA network.
Enrichment analysis results indicated that target genes in this ceRNA network were significantly enriched in 26 GO functional categories (P<0.05; Fig. 11A ) and seven kEGG pathway categories (P<0.05; Fig. 11B ), including 'immune response', 'response to wounding', 'intestinal immune network for IgA production', 'p53 signaling pathway', 'cytokine-cytokine receptor interaction', and 'Wnt signaling pathway'.
ceRNA network of transcription factors. To further detect regulations from transcription factors (TFs), two TF databases, Transcription Regulatory Regions Database (TRRD, http://wwwmgs.bionet.nsc.ru/mgs/gnw/trrd/) and JASPAR (http://jaspar.genereg.net/) were used. Integrating the TF information with the above ceRNA network, a sub ceRNA network relevant to TFs was extracted. In this subnetwork, eight important TFs were highlighted: kLF4, FOS, TP53, JUN, EGR1, EGR2, BHLHE40, and ATF3. In addition, TP53 was targeted by hsa-miR-27b and EGR2 was targeted by hsa-miR-141 (Fig. 12) . 
Discussion
In the present study, by analyzing the RNA-seq data in the GSE17260 dataset and the TCGA database, the optimal gene set containing 36 feature genes that could clearly distinguish recurrent with non-recurrent ovarian cancer was identified, including TP53 and RBPMS. These genes were also highlighted in the PPI network. We only identified three lncRNAs related to recurrent ovarian cancer: NBR2, ZNF883, and WT1-AS. Three predominant miRNAs with their target genes were also predicted: hsa-miR-375 (target: RBPMS), hsa-miR-27b (target: TP53), and hsa-miR-141 (target: RBPMS). Notably, 'WT1-AS-hsa-miR-375-RBPMS' and 'WT1-AS-hsa-miR-27b-TP53' interactions were striking in the ceRNA network.
The tumor suppressor tumor protein p53 (TP53) is mutated in the early stage of high-grade serous ovarian cancer, thus this gene mutation could act as a predictor for initiation of the disease (26) . Notably, the TP53 mutation-regulated genomic instability induces the evolution of recurrence in epithelial ovarian cancer (27) , indicating the close correlation between this gene expression and recurrence in ovarian cancer.
The protein encoded by RNA binding protein with multiple splicing (RBPMS) is a member of the RNA recognition motif family. It functions as a co-activator of transcriptional activity. Inhibition of miR-21-3p was revealed to significantly decrease proliferation and invasion in ovarian cancer, and RBPMS was confirmed as a target gene of miR-21-3p via luciferase reporter assays (28) . For korean patients with serous ovarian cancer at stage IIIC, RBPMS is a member of 27 genes located in chromosome 8p21.1-p12 regions with copy number loss, and it is enriched in 'cellular macromolecule metabolic process' involved in disease progression (29) . However, no signs have indicated the relationship between this gene and recurrence in ovarian cancer.
EYA2 is identified as an oncogene in cervical carcinogenesis, while hsa-miR-375 is a tumor suppressor. EYA2 can also promote tumor growth of ovarian cancer (30) . Considering the closeness of cervical cancer with ovarian cancer, hsa-miR-375 may also function as a tumor suppressor in ovarian cancer. Notably, hsa-miR-375 was revealed to be differentially expressed in ovarian serous carcinoma at stage I, and thus is a potential candidate miRNA signature for disease prediction (31) . Alteration of hsa-miR-375 was highly correlated with recurrence in gastric cancer after surgery (32) . However, the relationship between this miRNA and recurrence in ovarian cancer has not been reported.
hsa-miR-141 is a member of miR-200 family that has been revealed to be overexpressed in various cancer types, such as ovarian cancer, pancreatic ductal adenocarcinoma, and colorectal cancer (33) . hsa-miR-141-5p is one of the ten miRNA signatures that may predict ovarian cancer development (34) . High expression of hsa-miR-141 was related to poor prognosis of the disease (35) . The collective data indicated the important role of hsa-miR-141 in ovarian cancer progression. Several miR-200 family members have been implicated in the correlation with recurrence. For instance, miR-429 was increased in metastatic ovarian cancer cells, and it was revealed to be a candidate therapeutic target that could reduce ovarian cancer metastasis and tumor recurrence (36) . Another family member, miR-200b, was significantly associated with ovarian cancer recurrence (37) . Whether the miR-200 family member hsa-miR-141 is involved in the recurrence of ovarian cancer is still unclear.
Based on our results, both of hsa-miR-375 and hsa-miR-141 were involved in different regulation networks, indicating that they participate in the process of ovarian cancer recurrence, or that their dysregulation accounts for the disease recurrence. Notably, RBPMS was the predicted target of both hsa-miR-375 and hsa-miR-141, indicating that these two miRNAs function by targeting this gene. The targeting relationships require validation by luciferase reporter assays.
Reportedly, the expression of miR-27 was associated with metastasis of ovarian cancer (38) , and miR-27a and miR-27b were implicated in the control of drug resistance in ovarian cancer (39) . No clues at present have linked miR-27 to recurrence in ovarian cancer. However, in our study, hsa-miR-27b was identified as an important miRNA for recurrent ovarian cancer, indicating it may be a novel signature. In human embryonal carcinoma cells, overexpressed miR-27 resulted in an increase of TP53 (40) . Additionally, the TP53 gene transcript contains miR-27 binding sites (41) . These indicate potential targeting regulations between miR-27 and TP53. Based on our study, TP53 was the predicted downstream target gene of hsa-miR-27b.
The Wilms tumor 1 (WT1) gene is frequently expressed in epithelial ovarian cancer (42) . The lncRNA WT1 Antisense RNA (WT1-AS) encoded gene is located upstream of WT1. The two genes are bi-directionally transcribed from the same promoter region. Reportedly, interaction between WT1-AS and WT1 sense RNA resulted in the upregulation of the WT1 protein (43). In acute myeloid leukemia, alternative splicing of WT1-AS was reported (44) . In gastric cancer, downregulation of WT1-AS promoted tumor cell proliferation and invasion (45) . However, no correlations were indicated in ovarian cancer. Our results indicated that this lncRNA is a critical lncRNA in the ceRNA network, and the interactions of 'WT1-AS-hsa-miR-375-RBPMS' a nd 'W T1-AS-hsa-m i R-27b -T P53' i ndicated t hat WT1-AS is a biomarker for prognosis of ovarian cancer recurrence, and participates in the aforementioned regulations during the process.
Despite the fact that our results provide many potential biomarkers and relevant regulations for ovarian cancer recurrence, there are several limitations in the study. The expression of these important genes, miRNAs and lncRNAs, as well as the predictive targeting relationships require further validation.
In conclusion, several biomarkers for ovarian cancer recurrence were identified. These included TP53, RBPMS, hsa-miR-375, hsa-miR-141, hsa-miR-27b, and WT1-AS. The interactions of 'WT1-AS-hsa-miR-375-RBPMS' and 'WT1-AS-hsa-miR-27b-TP53' may be potential regulatory mechanisms during this process.
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